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Proponents of class size reductions draw heavily on the results from Project
STAR to support their initiatives. Adding to the political appeal of these initia-
tive are reports that minority and economically disadvantaged students received
the largest beneﬁts from smaller classes. We extend this research in two direc-
tions. First, to address correlated outcomes from the same class size treatment,
we account for the over-rejection of the Null hypotheses by using multiple in-
ference procedures. Second, we conduct a more detailed examination of the
heterogeneous impacts of class size reductions on measures of cognitive and non-
cognitive achievement using more ﬂexible models. We ﬁnd that students with
higher test scores received greater beneﬁts from class size reductions. Further-
more, we present evidence that the main eﬀects of the small class treatment are
robust to corrections for the multiple hypotheses being tested. However, these
same corrections lead the diﬀerential impacts of smaller classes by race and free-
lunch status to become statistically insigniﬁcant.
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of the Economics of Education Association, Simon Fraser University and the 2004 AEA annual
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are grateful to Alan Krueger for generously providing a subset of the data used in the study. This
paper is a revised version of the second chapter of Weili Ding’s University of Pittsburgh 2002 thesis.
Lehrer wishes to thank SSHRC for research support. We are responsible for all errors.
11 Introduction
Unlike vouchers, charter schools, teacher testing, and other controversial reform strategies,
class size reduction (CSR) proposals have both intuitive and political appeal. Parents assume
that their children will get more individualized instruction and attention, thereby improving
s t u d e n ta c h i e v e m e n t ,a n dt e a c h e r sb e l i e v et h a ti tg i v e st h e mas h o ta tc r e a t i n gt r u el e a r n i n g
communities. In 2004, 33 states had laws that restricted class size and new federal and
state/provincial legislation and appropriations will promote further shrinkage of class sizes
in North America. To support the launch of multi-billion dollar CSR initiatives, policymakers
continue to draw from the reported experience of Project STAR, a randomized evaluation
in the late 1980s on the impacts of CSR in Tennessee.
Two issues have been largely ignored in the discussion of the results from Project STAR.
First, since students in Project STAR completed a battery of exams each year, a special
set of techniques are needed to evaluate whether CSR is eﬀective with multiple outcomes.
These techniques incorporate the dependence in student test scores across multiple subjects
for the same student. Failing to account for multiple outcomes from the same treatment(s)
may lead to ﬁnding signiﬁcant impacts when there are none. For example, if the eﬀectiveness
of CSR is assessed on six outcomes, each at a signiﬁcance level of 5% (two-sided tests), the
chance of ﬁnding at least one false positive statistically signiﬁcant test increases to 15.9%.
Accounting for multiple outcomes can have a substantial inﬂuence on the rate of false positive
conclusions, which may aﬀect education policy whenever there is an opportunity to select
the most favorable results from an analyses, because without choice there is no inﬂuence.
We adopt two multiple testing procedures that i) control for the probability of at least one
rejection of a true Null hypothesis, and ii) allow the number of false rejections one is willing
to tolerate to vary with the total number of rejections, to present a more detailed analysis
of CSR eﬀectiveness.1
Second, existing analyses of Project STAR data has focused almost exclusively on the
2estimation of average eﬀects. If smaller classes do not beneﬁt students equally, a more com-
prehensive understanding of which group of pupils received the largest beneﬁts is needed.
That is, the average eﬀects reported in past studies do not shed light on the distribution of
treatment eﬀects. To assess the distributional eﬀects of class size reductions, we consider un-
conditional quantile regression to determine where the treatment eﬀects are concentrated in
the test score distribution. From a policy perspective, estimating quantile impacts of inputs
to an education production function (in addition to mean impacts) is likely important. This
is because societal costs associated with poor development of cognitive and non-cognitive
skills exist primarily at the low end of the achievement distribution, with the costs increas-
ing substantially at the very low end. Additionally, we examine whether the small class
treatment heterogeneously impacts the achievement of students of diﬀerent races, economic
backgrounds and school characteristics, in order to account for a more comprehensive set of
possible interactions between individual and school factors.
Understanding the heterogeneity in treatment across these dimensions is important as
many researchers have hypothesized that the eﬀects of CSR might vary across diﬀerent types
of students.2 As such, proponents of class size reductions argue that there may be equity
grounds to justify these policies, particularly if CSR initiatives are eﬀective for students
in the lower tail of the achievement distribution. Several researchers oﬀer support for this
claim. Lazear (2001) argues that smaller classes reduce opportunities for classroom disrup-
tion and if it is the case that classes with a greater proportion of lower achieving students
are more disruptive, then lower achieving students might beneﬁt the most from class size
reductions. Ferguson (2003) contends that CSRs are more eﬀective for minority students
since these children may be more sensitive to teachers’ perceptions and expectations. By
receiving increased attention the students’ work habits will improve and behavioral prob-
lems will decline. Grissmer (2002) likewise suggests that smaller classes are more eﬃcient for
economically disadvantaged students since they have had fewer prior investments into their
human capital so that these investments reﬂect a larger contribution to their stock of human
3capital. Last, there is substantial evidence that teachers value their working conditions and
like the idea of teaching smaller classes (e.g. Shapson (1980). Teachers may also change their
teaching methods when faced with fewer students in the classroom.3 Taken together, there
are many potential pathways, in addition to inﬂuencing the kind of socializing experiences
a student has in school, through which CSR may have heterogenous eﬀects.
Using multiple inference procedures and allowing for ﬂexible heterogeneity, we also in-
vestigate the impacts of CSR on non-cognitive skills, such as listening, motivation and self-
concept. The majority of Project STAR research has focused solely on test scores in reading,
mathematics and word recognition. Several researchers have criticized the focus of education
policy on cognitive skills and have shown the importance of non-cognitive skills on a variety
of education and labor market outcomes.4 With the recent public availability of measures of
non-cognitive performance from Project STAR, we have a chance to examine whether CSR
has positive and statistically signiﬁcant impacts on non-cognitive skills.5
This paper is organized as follows: In the next section we provide a brief review of the
Project STAR experiment and describe the data used in this study. In order to minimize
issues related to non-random violations to the experimental protocol that occurred in sub-
sequent years of the study that may bias the estimates, we only report analysis using data
collected in the ﬁrst year of the experiment. In Section 3, we discuss the statistical ap-
proaches that we employed and we report the empirical results. We ﬁnd strong evidence
that i) estimates of the mean impact of CSR for the full sample are robust when corrected
for multiple correlated outcomes, ii) there are few additional beneﬁts from CSR for minority
or disadvantaged students, iii) students with higher test scores beneﬁted the most from CSR.
The multiple inference procedures that account for general correlations in student outcomes
among subject areas suggest that the impacts of CSR had positive impacts on measures of
cognitive achievement, but did not yield non-cognitive beneﬁts. Moreover, these procedures
reveal that the few signiﬁcantly (when the outcomes are treated as independent) diﬀerential
impacts of CSR by race and free lunch status are likely due to chance. Some of the diﬀer-
4ences between our ﬁndings and earlier work are related to our more general treatment of the
impacts of school factors and the diﬀerent procedures by which researchers use test score
measures as outcome variables. A concluding section summarizes our ﬁndings and discusses
directions for future research.
2P r o j e c t S T A R E x p e r i m e n t
The Student/Teacher Achievement Ratio (STAR) was a four-year longitudinal class-size
study, funded by the Tennessee General Assembly, and conducted by the State Department of
Education. Over 7,000 students entering kindergarten in 79 schools were randomly assigned
to one of the three intervention groups: small class (13 to 17 students per teacher), regular
class (22 to 25 students per teacher), and regular-with-aide class (22 to 25 students with a
full-time teacher’s aide). Teachers were also randomly assigned to the classes they would
teach, overcoming the student-teacher sorting bias (Rothstein (2010)) that plagues estimates
of education production functions.
In theory, random assignment circumvents problems related to selection in treatment.
However, following the completion of kindergarten, there were signiﬁcant non-random move-
ments between control and treatment groups, as well as in and out of the sample, which
complicates any analysis.6 By grade three, over 50% of the subjects who participated in
kindergarten had left the STAR sample, and approximately 10% of the remaining subjects
switch class type annually. Ding and Lehrer (2010a) present evidence of selective attrition
and demonstrate that the conditional random assignment of the newly-entering students
failed in the second year of the experiment as among this group of grade 1 students, stu-
dents on free lunch status were signiﬁcantly more likely to be assigned to regular (larger)
classes.7 To reduce concerns regarding these potential biases from non-random violations to
the experimental protocol in subsequent years, in this paper our analysis focuses solely on
data from the ﬁrst year of the experiment.8
5At the end of the kindergarten year the majority of the students completed six exams,
measuring their performance in diﬀerent dimensions. The students completed the Read-
ing, Listening Comprehension, Mathematics and Word Recognition sections of the Stanford
Achievement Test.9 In our analysis, we employ total scaled scores by each subject area.
Scaled scores are calculated from the actual number of items correct, adjusting for the diﬃ-
culty level of the question. This allows for a single scoring system across all grades. Scaled
scores vary according to the test given, but within the same test they have the advantage
that a one point change on one part of the scale is equivalent to a one point change on an-
other part.10 While the instructional objectives of the listening comprehension component
are similar to that of the reading test, they focus on a diﬀerent set of skills in that they mea-
sure the ability to comprehend spoken communication.11 Finally, the students completed
the Self-concept and Motivation Inventory Test presenting measures of two non-cognitive
skills: self-concept and motivation. These measures are obtained from the child’s response
to 24 questions that are prefaced with the statement "What face would you wear if ...". The
student selects a face by coloring in one of ﬁve diﬀerent faces for each question. The overall
test has moderate internal consistency (Davis and Johnston (1987)), and is scored from 24
to 120, with higher scores indicating more positive outcomes. The motivation inventory is
scored from 8 to 40 and the self-concept scale ranges from 16 to 80.
The public access data on Project STAR contains information on the teaching experience,
education level, gender and race of the teacher, and the gender, race and free lunch status
of the student. Summary statistics on the Project STAR kindergarten sample are provided
in Table 1. Between 79.7% to 92.5% of the participants completed each of the examina-
tions since some tests were not oﬀered in certain schools or some students were absent on
certain test days. Nearly half of the sample is on free lunch status. There are few Hispanic
or Asian students and the sample is approximately 2
3 Caucasian and 1
3 African American.
There are nearly twice as many students attending schools located in rural areas than either
suburban or inner city areas. There are few students in the sample (9.0%) attending schools
6located in urban areas. Regression analyses and speciﬁcation tests have found no evidence
of any systematic diﬀerences between small and regular classes in any student or teacher
characteristics in kindergarten, suggesting that randomization was successful.
3 Empirical Results
3.1 Multiple Test Outcomes
Past research using Project STAR data has treated test scores in diﬀerent subject areas as
being independent from one another when attempting to estimate causal impacts.12 How-
ever, the assumption of independence across dependent variables (test scores) may not appear
plausible in an economics of education context, since the test scores in multiple domains (e.g.
reading, writing and math) are likely highly correlated. Making adjustments for the use of
multiple outcomes has a long history in psychology (Benjamini and Yekutiele (2001)) and
biostatistics (Hochberg (1988)). These techniques have also been adopted in some studies
within education (Williams et al. (1999)), as well as in studies in economics that examine
multiple child outcomes (Kling and Liebman (2004) and Anderson (2008)). Accounting for
the possibility that the multiple outcomes correlate within the study avoids the possibility of
over rejecting the Null hypothesis that there are no treatment eﬀects when using univariate
statistical methods. Therefore, we need to adjust the p-value for the multiple outcomes
and consider making corrections for both the familywise error rate (FWER) and false dis-
covery rate (FDR). These p-value adjustments are based on the number of outcomes being
considered and reduce the chance of making type I errors.
F o r m a l l y ,s u p p o s et h a tw ew a n tt ot e s t hypotheses, 12 of which only 
are true, the FWER is simply the probability of making one or more type I errors (i.e.
one of  true hypotheses in the family is rejected) among all the single hypotheses when
performing multiple pairwise tests on families of hypotheses that are similar in purpose. We
7consider three families in our analysis. The ﬁrst family consists of all six student performance
examinations where we also consider the three measures in the cognitive and non-cognitive
domains separately. Although the FWER controls for the probability of making a Type I
error,13 we also consider accounting for the FDR, which controls the expected proportion of
incorrectly rejected Null hypotheses (Type I errors) from a list of rejected hypotheses. It is
a less conservative procedure with greater power than the FWER control, but at the cost of
increasing the likelihood of obtaining type I errors. If all Null hypotheses are true, controlling
for the FWER is equivalent to accounting for the FDR; however because increasingly more
alternative hypotheses are true, controlling for the FDR can result in fewer Type II errors
than controlling for the FWER.
To make corrections for the FWER, we use the free step-down method (Holland and
Copenhaver, 1987) that allows the diﬀerent p-values, which are clustered at the classroom
level, to be arbitrarily correlated. To correct for the FDR, we use the two-step procedure
developed in Benjamini, Krieger and Yekutieli (2006). This algorithm has been shown in
simulation studies (e.g. Benjamini et al (2006)) to perform well and provide sharper control
when p-values are positively correlated across tests, as is likely in our setting.
We begin by following earlier work and estimating the following contemporaneous achieve-




 +  (1)
where  is the level of achievement for child  in school ,  is a vector of school in-
dicators and student and teacher characteristics,  is an indicator if student  attended
a small class,14  captures both random unobserved factors as well as student invariant
school speciﬁce ﬀects. Controlling for school eﬀects is necessary since randomization was
done within schools. By randomly assigning class type and teachers to students,  is
uncorrelated with unobserved factors, such as the impact of pre-kindergarten inputs, family
and community background variables, etc., permitting unbiased estimates of  with only
8kindergarten data.  is often interpreted as an intent to treat estimate and since there
were no issues with noncompliance in treatment assignment and that randomization appears
to have been successful, this parameter is likely equivalent to the average treatment eﬀect in
the kindergarten year only.
Table 2 reevaluates the evidence of the mean eﬀectiveness of CSR in kindergarten by
adjusting inference of  to account for multiple outcomes. The ﬁrst three rows of Table
2r e e x a m i n e st h ee ﬀectiveness of CSR from OLS estimates of equation (1). The ﬁrst two
columns lists the Null hypotheses being tested, the speciﬁcations of the estimation equations,
and the number of achievement outcomes being examined together. The third and fourth
columns reports the number of outcomes that are statistically signiﬁcant when tested inde-
pendently at the 5% and 10% signiﬁcance levels respectively. The next two columns present
the number of Null hypotheses rejected using the Holland and Copenhaver (1987) method
at the 5% and 10% signiﬁcance levels. The last two columns correspond to the previous
two except that they report the number of rejections when accounting for the FDR using
the Benjamini et al (2006) procedure. In general, the results indicates that the statistical
signiﬁcance of the mean impacts are robust to accounting for correlations between the dif-
ferent subject areas. However, we ﬁnd that when making corrections for multiplicity with
either the FWER or FDR leads to rejecting the CSR’s positive impact on the motivation
exam at the 10% level, which we fail to reject when we treated test scores across subject
areas as independent. While this examination focused on constant treatment eﬀects, we next
examine whether the eﬀects of CSR vary, either based on student characteristics or across
the distribution of test scores.
3.2 Unconditional Quantile Regression
The estimated coeﬃcient from an OLS school ﬁxed-eﬀects regression using the same empirical
m o d e la n dt h es a m es a m p l eo fs t u d e n t sp r o v i d e sa ne s t i m a t e so ft h eb e n e ﬁts from small
class at the conditional mean, therefore, is potentially much less informative with regard to
9the relation between achievement and class size than the results for the various quantiles.
We next allow the eﬀects of class size reductions to vary for individuals at the diﬀerent
points of the unconditional test score distribution. Unlike estimates of the conditional mean
from OLS estimates, the semiparametric estimator we consider will generate results that
are robust to a monotone transformation of the dependent variable. Further, interpretation
of estimates from an unconditional quantile regression strategy diﬀer substantially from
a (conditional) quantile regression strategy which additionally requires giving the residual
a structural interpretation.15 As such, we estimate the contribution of each explanatory
variable to the unconditional quantiles of test scores, which permits us to answer questions
such as: what is the impact on a speciﬁc quantile of math test scores of assigning everyone
to a small class, holding everything else constant? To better interpret the estimates, we
present information on the quantiles of each test score distribution in Appendix Table 1.
The Firpo, Fortin and Lemieux (2009) regre s s i o nm e t h o di sa p p l i e dt oe q u a t i o n( 1 )a n d
this essentially replaces the original outcome variable () with a simple transformation
known as the recentered inﬂuence function. The recentered inﬂuence function for the quantile
of interest  is formally deﬁned as
(;)= +
 − ( ≤ )
()
(2)
where  is the marginal density function of A, and I is an indicator function. Since the
(;) deﬁn e di ne q u a t i o n( 2 )i su n o b s e r v e di np r a c t i c e ,w eu s ei t ss a m p l ea n a l o gt h a t
replaces the unknown quantities by their estimators as follows:
(; b )=b  +
 − ( ≤ b )
b ()
(3)
where b  is the th sample quantile and b  is the kernel density estimator. Once the de-
pendent variable is replaced by the transformation deﬁn e di ne q u a t i o n( 3 ) ,as i m p l eO L S
regression allows us to recover the impact of changes in the explanatory variables on the un-
10conditional quantiles of  Intuitively, at each quantile this procedure changes the outcome
variable in equation (1) in such a way that the mean of the recentered inﬂuence function
corresponds to the statistic of interest.
Figure 1 presents both OLS and unconditional quantile regression estimates of the impact
of attending a small class on levels of kindergarten achievement by subject area.16 The
unconditional quantile regression estimates may provide more information about the impact
of class- size reductions than the OLS estimates, since they can document how important
attending a small class is at diﬀerent achievement levels. The top row of Figure 1 presents
estimates for mathematics, reading and word recognition. We observe that in these subjects
that measure cognitive skills, students with higher test scores receive the most beneﬁts
from being assigned to a small class. For students in the lower quantiles of the test score
distribution, the beneﬁt is very small from an economic point of view. Students in the lowest
quantiles in mathematics do not receive a statistically signiﬁcant impact from attending
a small class. Notice that the beneﬁts from small class on both the reading and word
recognition exams are statistically signiﬁcantly diﬀerent from zero at a conventional level
throughout the achievement distribution. However, there is clear evidence of treatment
eﬀect heterogeneity, since the mean estimate obtained from an OLS regression is often not
captured within the 95% conﬁdence interval in these three subject areas. Simple tests of
treatment eﬀect homogeneity between quantiles are ﬁrmly rejected for these three subject
areas.
Examining the conditional mean in isolation, therefore could lead to the wrong conclusion
that the relation between class size and test scores does not diﬀer sharply across these sub-
ject areas — a statement that is clearly refuted by unconditional quantile regression analysis;
where we observe substantially more heterogeneity in mathematics than in the other subject
areas. This increased heterogeneity may result from there being more heterogeneity in the
knowledge and skills that the children bring with them to the classroom (potentially gener-
ated at the home) in mathematics relative to other domains. To summarize, we generally
11observe that the beneﬁts from CSR increase over the achievement distribution on the three
cognitive skills examinations.
Contrary to what is found for the cognitive skill tests. there is no evidence for treatment
eﬀect heterogeneity in the non-cognitive domains. This is illustrated in the bottom row of
Figure 1 for the listening skills, self-concept and motivation tests. In each of these subject
areas, test statistics fail to reject the Null of treatment eﬀect homogeneity. The lack of
treatment eﬀect heterogeneity may exist due to the limited variation in the underlying scores
or even the nature of the tests. In particular, there is substantial mass at few test scores
for both the self-concept and motivation exam. The lack of heterogeneity in performance
on the listening exam is not unique to the achievement distribution, but is also found to
be the only subject in which the treatment eﬀe c td i dn o tv a r yw i t ht h ep r o p o r t i o nw i t h i n
school receiving treatment in Ding and Lehrer (2010b). Interestingly, being assigned to a
small class yields positive beneﬁts only for 7 of the 19 quantiles on the motivation exam.
By exploring treatment eﬀect heterogeneity, we are attempting to enter the “black box”
of CSRs. Our evidence indicates that there was considerable heterogeneity in the impacts of
small classes on the distributions of test scores in mathematics, reading, and word recognition
— heterogeneity that would be left unexplored by only reporting mean impacts. In particular,
we ﬁnd that the impact of small classes is not signiﬁcantly diﬀerent from zero in the bottom
20% of the math distribution and in over 60% of the quantiles of the motivation test score. To
improve the eﬀectiveness of class size reductions, one could simply target students who have
larger responses to the intervention. However, it is diﬃcult to ex-ante identify students who
may score poorly at the end of the year and evidence presented in Ding and Lehrer (2010a)
shows that those who are among the lowest scoring in the mathematics exam on entry in
their classroom out gain their classmates in the subsequent grades performance. Thus, we
take a closer look at how the relationship between class size and achievement varies across
subgroups that are easy to identify ex-ante in the next section.
123.3 Small Classes for the Disadvantaged
Class size reductions have played a large role in recent policy debates in the search for mech-
anisms to reduce the achievement gap between disadvantaged children and other children. It
is often reported that CSRs oﬀer greater beneﬁts for both minority and inner city children.
For example, past research using Project STAR data has reported that i) minority students
r e c e i v ea tl e a s tt w i c et h es m a l lc l a s sb e n e ﬁt (Finn and Achilles (1990) and Finn (2002)),
ii) larger gains are experienced in inner-city schools relative to urban, suburban and rural
schools (Pate-Bain et al. (1992)), and iii) small classes reduced the gap between students
who were economically eligible for the free lunch program and those who were not (Word
et al (1990)). By reporting larger gains for disadvantaged students, the political appeal of
CSR policies increased. However, much of this research has employed statistical models that
allow for limited forms of heterogeneity and are based on speciﬁcations of the education
production function that either ignore school speciﬁc unobserved heterogeneity or treat this
term as a random eﬀect. To create a set of benchmark results, we ﬁrst re-examine whether
students on free lunch status and minority children gain more in small classes on average.
We begin by interacting the individual student and teacher characteristics with class size






 +  (4)
where  continues to include components that capture both random unobserved factors as
well as student invariant school speciﬁce ﬀects.
Estimates of equation (4) for all six subjects are presented in Table 3. We observe that
the interaction between attending a small class and being eligible for free lunch is statistically
insigniﬁcant in all six subject areas. Similarly, African Americans students did not perform
signiﬁcantly diﬀerently in smaller classes compared to regular sized classes. The bottom
row of Table 3 contains the results from an F test of whether 
0
 =0  The test statistics
reject the Null hypothesis, indicating that the interaction terms are jointly insigniﬁcant in
13all subject areas with the exception of self-concept.
Equation (4) allows for a limited amount of interactions. Past work with Project STAR
(e. g. Dee (2004)) has presented evidence of signiﬁcant complementarities between student
and teacher inputs. As such, we next consider the most ﬂexible method to evaluate whether
there was heterogeneity in the impact of small class treatment across groups, by estimating
a fully saturated model that contains all possible interactions between student, class type
and teacher covariates. This speciﬁcation imposes the fewest restrictions on an underlying
model of education production function and only assumes that the unobserved inputs are
additively separable from the observed inputs to the production process.
A subset of the estimated coeﬃcients from the fully saturated model are presented in
Table 4. We ﬁnd that although the eﬀe c t so fs m a l lc l a s sa t t e n d a n c er e m a i nh i g h l ys i g n i ﬁcant
in math, reading and word recognition, but the only interaction term between small class
and another input that has a signiﬁcantly positive impact on academic performance is small
class interacted with female student for the motivation exam. In speciﬁcations that consist of
the full set of interactions there are substantially large negative impacts for being a minority
student or student on free lunch. Further, the interaction between African American student
and free lunch status is highly signiﬁcant and positively related to achievement on all four
Stanford Achievement tests.
In table 4, F-tests on the full set of interaction terms indicate that they are jointly
signiﬁcant on the mathematics, listening and reading examination. F-tests on the joint
signiﬁcance of the individual demographic characteristics and small class indicators are only
signiﬁcant on the self-concept and motivation tests.17 Interestingly, the inclusion of this large
set of regressors appears to only explain a limited amount of the variations in self-concept
and motivation scores. This reinforces why we were unable to ﬁnd evidence of treatment
eﬀect heterogeneity in these subjects in Figure 1.
While the mean eﬀects of small class obtained from equation (1) were robust to accounting
for multiple testing, the above discussion of Tables 3 and 4 treated each test score outcome
14as independent to be comparable to previous STAR studies. In Table 5, we summarize the
results of applying either the correction for the FWER or FDR used in Table 2 to assess
the signiﬁcance of the interactions of the treatment with various student demographics in
either Table 4. Notice we do not ﬁnd that there remains a statistically signiﬁcant diﬀerential
impacts of CSR after we apply the corrections to the statistical inference procedure. To
a large degree this should not come as a surprise since none of the interactions between
small class and student demographic characteristics were signiﬁcant at the 5% level when
we assumed the outcomes are independent, with the exception of the interaction between
female student and small class on the motivation assessment. These ﬁndings cast doubt
that there are truly heterogeneous mean impacts from CSR across groups deﬁned by race or
free lunch status in kindergarten. In terms of mean eﬀects in Table 4, once we account for
multiple correlated outcomes, only the impact of CSR on reading remains signiﬁcant at the
5% level. This result holds whether we correct for the FDR or FWER. At the 10% level, the
impact of CSR on mathematics remains signiﬁcant when we account for the FWER, whereas
accounting for FDR yields equivalent results to assuming independence.
Even ignoring issues related to multiple inference, there are clear discrepancies between
our results and those from other papers on Project STAR data in regards to whether smaller
classes beneﬁt the disadvantaged more. These diﬀerences arise from two major features in the
analysis. First, prior work conducted analyses separately on samples deﬁned by class types
and then compared the magnitude of the estimated coeﬃcients on the free lunch variable
rather than pooling the sample and including interaction terms. In some papers (e.g. Finn
and Achilles (1990) researchers were exploiting variation across schools and did not account
for student invariant school heterogeneity. Since randomization was done within and not
between schools, these comparisons ignore the experimental design that provides exogenous
variation to identify causal impacts and are necessary to achieve an unbiased estimate of .
Further F tests indicate that school eﬀects should be accounted for in all the speciﬁcations
of the education production function that we consider.
15Moreover, it is important to note that only 34% of the African American and Hispanic
students in the full kindergarten sample attend schools that also have white or Asian stu-
dents. In fact, there are 15 schools that consist only of minority students and 15 schools for
which there was not a single minority student in the kindergarten sample. These schools
do not have any within school variation that can be used to identify racial gaps or het-
erogeneity by race. Thus, results using raw diﬀerences from speciﬁcations estimated using
samples deﬁned by class types could lead the results to be confounded by factors that vary
across schools and may end up having a diﬀerent set of schools contribute to the treatment
eﬀect. The performance diﬀerences of students in small and regular classes in these schools
is clearly diﬀerent as documented in Appendix Table 2. This table ﬁrst documents how
the mean performance of minority and Caucasian students varies in both small and regular
classroom across schools based on the racial distribution of the kindergarten cohort. For
example, in mathematics for minority students there is a large 11 point diﬀerence in student
performance when only examining the schools that did not exhibit racial heterogeneity. In
contrast, in the schools that had both minority and Caucasian students, minority students
did not perform in a signiﬁcantly diﬀerent manner between small and regular classes. Dif-
ferences between schools in columns 2 and 3 with columns 6 and 7 need to be accounted
for as there are likely substantial diﬀerences in neighborhood and community inputs to the
production process. In addition, school diﬀerences are needed to be accounted for since the
randomization is done within schools. Further, there are gains in eﬃciency of the estimates
by using the full sample of students and including interactions with school ﬁxed eﬀects in
the speciﬁcation of the education production function.
Second, the method in which student performance is measured varies substantially across
samples. In our study, we use scaled scores for outcomes from the Stanford Achievement
test since they are developmental and are considered by the test publisher to be the natural
unit of measurement for a norm referenced tests.25 Alternative measures to estimate student
performance with STAR data represent monotonic transformations of the scaled scores or
16raw scores. These measures include percentile scores (e.g. Krueger (1999)), standard scores
(e.g. Schanzenbach (2007)) and grade equivalent scores (e.g. Finn et al (1999)). Percentile
scores represent ranks within a sample and simply provide the percentage of students whose
scores were at or lower than a given score. While useful to compare a student’s performance
in relation to other students, they create a uniform distribution that places too much weight
on scores near the mean when estimating equations via OLS. To construct standard scores,
researchers assume that any non-normality in the observed distribution of test scores is an
artifact and they convert each percentile point into the standard score that would correspond
to that percentile in a normal distribution. Standard scores provide a measure of how much
standard deviation one’s score is from a mean, and provide an equal unit of measurement on
a single test. However, they are not developmental and cannot be used to measure growth
within a subject area or combined across subjects. In addition, it is much easier to interpret
marginal eﬀects and translate results to policymakers with scaled scores because these adjust
for diﬃculties in test scoring which could occur from ceiling eﬀects.
To illustrate, consider a 10 percentile score increase on the kindergarten math exam from
our sample. For completeness, the empirical distribution of kindergarten test scores in all
six subject areas is presented in Appendix Figure 1. A move from the median to the 60th
percentile is equivalent to moving 10 scaled points or 0.018 whereas moving from the 80th to
the 90th percentile involves 27 scaled points or 0.294 The transformation from one measure
to another changes the variation in outcome scores to be explained by the regressors. The
relationship between standard scores, percentile scores and scaled scores also varies from test
to test. We replicated all of the analysis in Tables 3 and 4 with both standard scores and
percentile scores, and there were several diﬀerences in the signiﬁcance of the ﬁndings.18 While
the methods to specify dependent variables in labor economics and health economics have
been an active area of study (e.g. Blackburn (2007) and Manning and Mullahy (2001)) where
dependent variables have i) nonnegative outcomes and ii) skewed outcome distributions,
such issue has been understudied in the economics of education literature, which we believe
17warrants further investigation since the empirical distribution of test scores are often skewed
and diﬀer from a Normal distribution.
We also replicated the analysis that generated Table 3 with a subsample of students
from inner-city schools, and compared the estimated coeﬃcients obtained to those obtained
running the same speciﬁcation with students from other school districts. We did not ﬁnd any
signiﬁcant diﬀerences in the estimated magnitude for the class size variable or interactions,
lending little support to the claim that the impacts of smaller classes are signiﬁcantly larger
in inner-city schools.19 The discrepancy between our work and earlier studies comes largely
from the inclusion of school ﬁxed eﬀects in equation (4). We believe these are necessary to
achieve an unbiased estimate of 
0
 since randomization was done within and not across
schools.20
4C o n c l u s i o n
This paper provides new evidence in one of the most active and highly politicized subject
areas in the education reform debate: the eﬀects of reduced class size. Our empirical analysis
of the STAR project complements existing studies of this large and inﬂuential experiment,
and provides three new ﬁndings. First, we ﬁnd that estimates of the mean impact of CSR
for the full sample are robust to statistical corrections for multiple inference. Second, these
same corrections reject any evidence for additional beneﬁts from CSR for minority or disad-
vantaged students in Kindergarten. Third, we ﬁnd substantial heterogeneity in the impact
of attending a small class on the distribution of test scores in all cognitive subject areas. The
results indicate that students with higher test scores beneﬁt the most from small classes in
these subject areas. Taken together, we ﬁnd mixed evidence on the eﬀectiveness of CSR in
kindergarten. This is because CSR leads to signiﬁcant improvement in cognitive achievement
measures, it appears to provide few beneﬁts in the development of non-cognitive skills.
It may well be that CSR is more eﬀective for some groups of students deﬁned by al-
18ternative criteria on speciﬁc subjects, in which case policy might be more eﬀective if it
targets speciﬁc student sub-population rather than mandating across-the-board reductions.
Understanding why CSRs were only eﬀective in some subjects but not others is clearly a
direction for future research.21 Since teaching practices varied across and within schools,
uncovering whether certain practices are partially responsible for the extent of heterogeneity
in treatment eﬀectiveness is important for education policy. Further, there is a growing body
of research that documents substantial within school variation in teacher quality. Several
researchers, including Word et al. (1990) and Hanushek (1999), have suggested that the pat-
tern of ﬁndings in the Project STAR study is also consistent with the existence of substantial
within school diﬀerences in teacher quality. While teacher quality is common to all students
in a classroom, evidence presented in Dee (2004) suggests that teachers in Project STAR
were more eﬀective with students whose race matches their own.22 While these explanations
could explain diﬀerences across schools in the mean eﬀects of CSR, extremely large (and
arguably implausible) eﬀects of teacher quality on student achievement would be required to
explain the heterogeneity in eﬀects exhibited in Figure 1, particularly if both teachers and
students were independently randomly assigned to classrooms.
We postulate that the larger eﬀects from CSR in the higher quantiles of student achieve-
ment presented in Figure 1 may suggest that family background is very important and that
interventions within schools may only reinforce at home preparation for a small fraction of
the population. However, a limitation of the STAR data is the limited number of home
inputs that were collected. In particular, we do not have any direct knowledge of how par-
ents change their investments in their children as a response to their child being assigned
to a small class or the extent and pattern of heterogeneity in the parental input decisions.
In conclusion, we suggest that the substantial heterogeneity in the impacts from class size
reduction witnessed in kindergarten should promote further investigation, using both qual-
itative and quantitative data to improve our understanding of the pathways through which
class size contributes to the production of education outcomes.
19Notes
1In contrast, earlier research has either examined each of these outcomes independently
or combined a subset of the outcome measures collected into a single index using arbitrary
weights.
2More generally, CSR policies are expensive. In times of shrinking government budgets, it
is worth knowing whether CSRs should be implemented universally or in a targeted fashion.
3Rice (1999) and Word et al. (1990) among others, report that teachers do change the
methods they use when assigned to a class with fewer students. In contrast, Shapson (1980)
and Bandiera et al. (2010), among others, do not ﬁnd evidence of changing teacher behavior.
4This is of policy relevance since research has shown that non-cognitive skills inﬂuence
individual performance on cognitive tests (Borghans et al. (2008)), the likelihood of school
dropout (Heckman and Rubinstein (2001)) and the amount of schooling obtained (Heckman,
Stixrud and Urzua (2006)).
5T h eW o r de ta l . ( 1 9 9 0 )r e p o r td o e sn o tﬁnd a signiﬁcant impact of CSR on some
non-cognitive measures.
6The STAR experiment not only witnessed attrition in students, but also in schools. Six
schools left the study prior to the end of grade 3 and ﬁve schools left immediately after
kindergarten.
7It should also be noted that attendance of kindergarten was not mandatory in Tennessee.
Students who entered school in grade 1 may diﬀer in unobservables from those who started
in kindergarten.
8The general pattern of our results holds in subsequent years where we corrected for
subsequent selection on observables using inverse probability weighting. Speciﬁcally, the
samples are reweighted by either series logit estimates of the probability of remaining in the
sample, or the probability of having written the exam in the previous academic year. These
analyses impose additional behavioral assumptions and are available upon request.
9The Stanford Achievement Test is a norm-referenced multiple-choice test designed to
measure how well a student performs in relation to a particular group, such as a representative
sample of students from across the nation. Norm-referenced tests are commercially published
20and are based on skills speciﬁed in a variety of curriculum materials used throughout the
country. They are not speciﬁcally referenced to the Tennessee curriculum.
10As we discuss in Section 3.3, the selection of scores is of critical importance in interpreting
the results. Much of the previous work has employed transformations of the scaled scores as
outcome variables, which has major eﬀects upon their results.
11To a large extent, each of these test scores may reﬂect a combination of cognitive and
non-cognitive skills. This breakdown between cognitive and non-cognitive skills is based,
in part, on the behavior of college admission committees who consider listening to be a
non-cognitive skill and reading to be a cognitive skill. (Streyﬀeler et al. (2005)).
12One alternative is to collapse outcome variables into a single measure or score. However,
the correct way of combing and weighting diﬀe r e n to u t c o m ev a r i a b l e si sn o to b v i o u sa n d
measurement error in the dependent variable may increase. That being said, Cunha et al.
(2010) have made progress on this issue of combining outcomes by demonstrating that one
can deﬁne a scale for output is not invariant to monotonic transformation. Speciﬁcally, they
anchor test scores to the adult earnings of the child, which has a well-deﬁned cardinal scale.
However, this information is not available for the full Project STAR sample. More generally,
often one would like to evaluate an early childhood intervention after it has been completed,
and not until years later when the participants enter the labor market.
13The FWER maintains the overall probability of making a Type I error at a ﬁxed  (i.e.
5%), but with an ever increasing number of tests this comes at the cost of making more Type
II errors. The sequential procedure we use performs tests in order of increasing p-values with
smaller p-values tested at a tougher threshold to maintain the FWER at a desired level.
14Following Finn et al. (2001) and Krueger (1999), our control group consists of regular
classes with and without teacher aides, because these studies (among others) report that the
presence of a teacher aide did not signiﬁcantly impact student test scores. Our independent
analyses conﬁrm these results.
15That being said, in many papers results from a quantile regression analysis are often
incorrectly interpreted as being from an unconditional quantile regression analysis. See
Ding and Lehrer (2005) for an analysis of this dataset with conditional quantile regression
estimators.
2116The estimates of the impacts of the other explanatory variables on the quantiles of the
achievement distribution are available from the authors upon request.
17We also considered less ﬂexible speciﬁcations that only include interactions between the
inputs and either the race or free lunch variable. The results are presented in Appendix
Table 1. With the exception of self-concept, the eﬀects of class size interacted with either
being black or being economically disadvantaged are statistically insigniﬁcant.
18In particular, with both standard and percentile scores one would conclude that small
classes beneﬁted performance on the self-concept exam at the 5% level and the listening test
at the 10% level. In total there are 7 to 9 diﬀerences in the signiﬁcance of various interactions
for these alternative rescalings. As the SAT-9 codebooks are no longer published, we could
not convert the scores to grade equivalents, which yields the students’ standing in relation
to the norm group at the time of testing. However, the interpretation of these scores is
confusing and they are known to have low accuracy for students with very high or low
scores. Furthermore, these scores are inappropriate to use for computing group statistics or
in determining individual gains.
19T h er e s u l t sa r ea v a i l a b l ef r o mt h ea u t h o r sb yr e q u e s t .
20Additionally, we replicated the analysis presented in Figure 1 on the subsample of stu-
dents who were eligible for free lunch in kindergarten as well as on the group of African
American and Hispanic children. These graphs are available upon request. We continue
to ﬁnd signiﬁcant heterogeneity in the impacts of small classes on measures of achievement
for both the subsample of students on free lunch and African American students. The pat-
terns are nearly identical as both students on free lunch and African American students in
higher quantiles beneﬁt more from smaller classes than students in the lower quantiles. For
example, African American students in the highest test score quantile receive over 5 times
the beneﬁts on mathematics from small class relative to students in the smallest quantile.
Students on free lunch in the highest quantile receive over 4 times the beneﬁtr e l a t i v et o
those in the lowest quantile in mathematics. The number of quantiles in which small class
is not statistically diﬀerent from zero on achievement is greater for these subsamples.
21There is limited examination in the economics of education literature on the mechanism
22of how class size may aﬀect student achievement. It has been hypothesized that the teacher
will have more time to transmit knowledge and exert less eﬀort disciplining students (Lazear
(2001)). Among other claimed beneﬁts are better assessment techniques, more small group
instruction and students becoming less passive. The available evidence suggests that teaching
practices do not vary with class size as hypothesized. For example, Betts and Shkolnik
(1999) ﬁnd no association between class size and text coverage and correspondingly no more
time devoted to material in one class over another even after controlling for teacher ﬁxed
eﬀects. They do ﬁnd teachers in large classes spent more time on discipline and less time
on individualized attention. Shapson et al. (1980) present experimental evidence on teacher
behavior across 4 class sizes (16, 23, 30 or 37 students). The authors conducted a two-
year study of 62 Toronto area classes of grade four and ﬁve students from eleven schools.
They found that class size makes a large diﬀerence to teachers in terms of their attitudes
and expectations, but little or no diﬀerence to students or to instructional methods used.
Teachers in class sizes of 16 and 23 were pleased because they had less work to do in terms
of evaluating students’ work, relative to the teachers with larger class sizes. They conclude
that teachers need to be trained in instructional strategies for various sized classes.
22This result is sensitive to the speciﬁcation of the education production function. Inter-
actions between student and teacher are not statistically signiﬁcant at conventional levels in
the fully saturated models presented in Table 4. In the top panel of Appendix Table 1, where
a subset of interactions are included, the teacher and student race interaction is signiﬁcant
at the 10% level if the test score outcomes are treated as independent.
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27Table 1: Summary Statistics of the Project STAR Kindergarten Sample 
 
Variable  Number of 
Observations  Mean  Standard 
Deviation 
Mathematics Test Score  5871  485.377  47.698 
Reading Test Score  5849  434.179  36.762 
Word Recognition Test Score  5789  436.725  31.706 
Listening Skills Test Score  5837  537.4746      33.140 
Motivation Skills Test Score  5038    25.64887      2.513 
Self-Concept Skills Test Scores  5038  55.950      5.170 
Teacher is African American   6282  0.165  0.371 
Teacher is Female  6325  1.000  0.000 
Teacher has Master’s Degree  6304  0.347  0.476 
Years of Teaching Experience  6304  9.258  5.808 
Student on Free Lunch Status  6301  0.484  0.500 
Student is White  6322  0.669  0.470 
Student is African American  6322  0.326  0.469 
Student is Hispanic  6322  7.909*10E-4  0.028 
Student is Asian  6322  2.201*10E-3  0.470 
Student is Female  6326  0.486  0.500 
Assigned to Small Class Treatment  6325  0.300  0.458 
Class Size  6325  20.338  3.981 
Inner City School  6325  0.226  0.418 
Suburban School  6325  0.223  0.416 
Rural School  6325  0.461  0.491 









































Small  Class =0  All 6  5  6  5  5  5  6 
Small Class =0  3 Cognitive  3  3  3  3  3  3 
Small Class =0  3 Non-
Cognitive 
2  2 2 2 2 2 
 
Note: Each cell entry lists the number of hypotheses that reject the hypothesis in the first column at a specific level 
with a given procedure. FWER and FDR respectively denotes correcting the statistical inference for the familywise 
error rare and false discovery rate. 
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Table 3: Does the Impact of Class Size Vary by Student or Teacher Characteristics? 
Estimation of Education Production Function with the Small Class Interactions 
 




Self Concept  Motivation 
Kindergarten 



























































































































































































Observations 5809 5728  5790  5776  5000  5000 
R-squared 0.27  0.27  0.23  0.26  0.05 0.03 

















Note: Standard errors corrected at the classroom level in parentheses. Regression equation includes 
information on school identifiers as well as interactions between the school indicators and student race 
being black.  * Significant at 5%; ** Significant at 1%.  
 
  31
Table 4: Estimation of Education Production Function with the Full Set of Interactions 
 





























































































































































































Observations  5809  5728 5790  5776  5000 5000 
R-squared  0.28  0.27 0.24  0.26  0.06 0.03 
Test of joint significance 













Test of joint significance 
of interaction between 














Note: Standard errors corrected at the classroom level in parentheses. Regression equation includes 
information on school identifiers and interactions with individual inputs and teacher characteristics as 




Table 5: Evaluating the Impacts of Small Classes Estimation From Specifications That Control for the Full 
Set of Interactions Reported in Table 4 where the Statistical Inference Procedure Now Adjusts for Multiple 





































Small Class =0  All 6  3  3  1  2  1  3 
Small Class 
*Black Stu.=0 
All  6  0  1 0  0 0 0 
Small Class 
*Free L.  Stu.=0 
All  6  0  0 0  0 0 0 
Small Class =0  3 Cognitive  3   3  3   3  3  3 
Small Class 
*Black Stu.=0 
3  Cognitive  0  1 0  0 0 0 
Small Class 
*Free L.  Stu.=0 
3  Cognitive  0  0 0  0 0 0 
Small Class =0  3 Non-
Cognitive 





0  1 0  0 0 0 
Small Class 
*Free L.  Stu.=0 
3 Non-
Cognitive 
0  0 0  0 0 0 
 
Note: Each cell entry lists the number of hypotheses that reject the hypothesis in the first column at a specific level 
with a given procedure. FWER and FDR respectively denotes correcting the statistical inference for the familywise 
error rare and false discovery rate.  
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Appendix Table 1 : Does The Impact of Education Production Function Inputs Vary by Student Race or 
with Student Free Lunch Status?  
 
  Estimation of Education Production Function with the Black Student Interactions 

































































































































































































Observations 5809 5728  5790  5776  5000  5000 
R-squared 0.28  0.28  0.24  0.27  0.06 0.04 
Estimation of Education Production Function with Interactions on Free Lunch Status 




Self Concept  Motivation 
Kindergarten 





























































































































































































Observations 5809 5728  5790  5776  5000  5000 
R-squared 0.28  0.28  0.25  0.27  0.06 0.04 
 
Note: Standard errors corrected at the classroom level in parentheses. Regression equation includes 
information on school identifiers as well as interactions between the school indicators and student race 
(top panel) and between the school indicators and student being on free lunch (bottom panel). 
* Significant at 5%; ** Significant at 1%  
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Appendix Table 2: Summary Information on Student Performance by Class Type and Student Race in 
Schools with and without Student Heterogeneity in Race. 
 
  Project STAR schools that 
consist of only African 
American and Hispanic 
Students in Kindergarten 
 
15 Schools 
Project STAR schools that do 
not contain any African 




Schools with Mixed Student 





African American and Hispanic Students 
































































Caucasian and Asian Students 

































































Note: Each cell contains the unconditional mean and standard deviation.   36
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Note: The y-axis presents the estimated coefficient of the impact of small class on achievement. Specifications include the same covariates as used in Table 2.   37




















































































































































Note:  In each figure, the density function of the scaled test score data is presented with the blue line connected by dots. The red line 
represents the Normal density curve. 